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ABSTRAK 
Pengiraan umur telah digunakan dalam bidang kajian antropologi forensik untuk 
membantu identifikasi identiti individu. Anggaran umur menggunakan kaedah 
tradisional adalah unik dan hanya boleh digunakan untuk populasi tertentu. Tumpuan 
pada kajian ini adalah pengukuran tulang kiri untuk menganggarkan usia menggunakan 
kaedah matematik iaitu “Multiple Linear Regression” dan juga model komputasi lembut 
“Artificial Neural Network” (ANN) yang dapat menyumbang kepada alternatif  model 
yang lain berbanding menggunakan model tradisional iaitu model Greulich dan  Pyle 
(GP) dan model Tanner dan Whitehouse (TW) yang hanya berdasarkan pemerhatian oleh 
antropologi berpengalaman yang boleh menyebabkan pelbagai hasil anggaran umur. 
Model regresi dilakukan pada gambar X-ray tangan kiri dalam dataset Afrika Amerika 
dari awal kelahiran hingga berumur 18 tahun. Semua sembilan belas tulang tangan diukur 
secara manual menggunakan Photo Pos, Power of Software Company Ltd yang 
merupakan foto editor percuma yang akan menghasilkan garis pada setiap tulang kiri. 
Bagi ANN model, untuk menghasilkan keputusan yang lebih baik dalam ramalan usia, 
rangkaian neuron tersembunyi di ANN dimanipulasi seperti yang dicadangakan oleh Zain 
et al. dengan menggunakan alat Encog Workbench versi 3.3.0. Nilai R-square dan MSE 
bagi model yang dicadangkan telah dikira sebagai ukuran prestasi untuk membandingkan 
dengan penanda aras. Berdasarkan hasil anggaran umur yang dihasilkan oleh model-
model ini, MSE yang dihasilkan oleh model ANN ialah 1.775 dan 2.487 bagi lelaki dan 
perempuan. Untuk membuat kesimpulan, ANN boleh digunakan untuk menganggarkan 
umur menggunakan panjang tangan kiri.  
iv 
ABSTRACT 
Age estimation is used in the field of forensic anthropology’s studies to assists in 
the identification of individual’s identity. The age estimation using traditional method 
was unique and applicable for a certain population only. The focus on this study is the 
measurement of left hand bone to estimate age using mathematical method of Multiple 
Linear Regression and also the soft computing models of Artificial Neural Network 
(ANN) that can contribute to another alternative models instead of using the traditional 
model of Greulich and Pyle (GP) model and Tanner and Whitehouse (TW) model that is 
based on the expert of anthropology’ s experience which may lead to various of result of 
age estimation. The regression models were carried out on X-ray images of the left hand 
in African American dataset from new-born to 18 years old. All the nineteen bones of the 
left hand were measured manually using Photo Pos, Power of Software Company Ltd 
which is the free photo editor that will creating a line on the each of left-hand bones. For 
Artificial Neural Network to produce a better result in prediction of age, hidden neuron 
network in ANN is manipulated as suggested by Zain et al. using Encog Workbench tools 
version 3.3.0. The value of R-square and mean square error (MSE) of proposed model 
been calculated as performance measurement for compare with benchmark of age. Based 
on result produced by these models, mean square error produced by ANN model are 1.775 
and 2.487 for both male and female, respectively. To conclude, ANN is reliable to 
estimate the age based on length of the left hand.  
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CHAPTER 1 
 
 
INTRODUCTION 
1.1 Background 
Age estimation is the most crucial part to be concern where it recently shows 
increasing number of adolescents and children with unknown identity to proof their actual 
age especially those who are engaging in criminal activities. The United Stated 
Department of Justice (DOJ) stated that at 2009, more than 60 percent of children were 
exposed to violence either directly or indirectly such as abuse drugs and alcohol and 
involved in criminal behavior.  Therefore, the forensic anthropology plays a role to get 
the legal evidence and significance prove to defend themselves. The main objective using 
this method is as assisting in identification of living individual at aged new born until 18 
years old. In term of legislation, age estimation can avoid an individual from suffering 
unfair punishment and illegal procedures that is not relevant to an individual’s age.  
There are several common parts of age estimation in human body such as dental, 
where it has provided an estimation of juvenile skeletal that has been utilized the methods 
of Moorress, Faning and Hunt (1963)  and Demirjian, Goldstein and Tanner (1973) for 
many years but it produced various of results in determining of age estimation (Phillips 
& Van Wyk Kotze, 2009). The study by (Jooste, L’Abbé, Pretorius, & Steyn, 2016) 
shows that the sternal ends of ribs can be used in age estimation of unknown adults where 
the method is reviewed and make comparison with other age markers of human skeleton. 
This method resulting was not very accurate to make a prediction of age in this population 
but there are three investigators from South African still applied this method even they 
found the repeatability among them when using this method. An advanced statistical 
method which is transition analysis has ability to make age estimation into a 
systematically and statistically where this method is developed by Boldsen and his 
colleagues on 2002 by using 36 features which are from cranial sutures, pubic symphysis 
and auricular surface for calculating their maximum likelihood point and contains 95% 
2 
confidence intervals with assisted by computer software named ADBOU (Jooste et al., 
2016). The result of age estimation by using this method was inaccuracy and imprecision 
where influenced with the geographically and contextually distinct in this population. 
Currently, hand bone is the most common indicator used in the age estimation. 
The traditional model of estimation age is Greulich and Pyle (GP) model and Tanner and 
Whitehouse (TW) model where these models are based on an observation. The limitation 
using this model is it really depend the expertise of forensic anthropology to estimate the 
age where it is means, the level experience of expert might produce difference result in 
age estimation. Furthermore, this model development is based on specific population only 
where there is no guarantee this model can be used to other population. There are several 
case studies used the area of hand as input in the development estimation model. One of 
the popular study by (Cameriere, Ferrante, Ermenc, Mirtella, & Štrus, 2008) where the 
method of multiple linear regression model can avoid from depending on expert in 
determining the estimation of age and the result obtained is more accurate. 
The soft computing is widely used as the method in prediction. The most common 
used is Artificial Intelligence (AI) method that can obtain the better result instead of the 
traditional method.  One of AI model that can be used for estimation model is Artificial 
Neural Network (ANN) which is one of AI method that has the capability to use the bone 
length as age indicator. Commonly, the different methods have their own different 
database. Therefore, the aim of this research is to develop age estimation model using 
soft computing model for African American’s population where the quantitative age 
indicator is left hand. The bone length is chosen as age indicator because measurement is 
more accurate and easier to collect data compared the common models that need the 
observation from expert of bone morphology only. 
1.2 Problem Statement 
The traditional models of age estimation which are GP and TW models are based 
on the observation of bone morphology from a radiograph of left hand by forensic 
anthropologist. Both have similar disadvantages which the result is based on the experts 
of anthropologies to estimate the age. Usually, the different experts with different 
experience may contribute to different prediction age estimation based on their expertise. 
3 
There are several studies used the quantitative data of bone measurement as input 
for age estimation such as using dental, sternal ends of ribs and also transition analysis 
but all these have their own limitation (Jooste et al., 2016; Oettlé & Steyn, 2000; Phillips 
& Van Wyk Kotze, 2009). The multiple linear regression which is using bone 
measurement as a new quantitative age indicator need to be more explored so the 
dependency to expert for determining the age can be reduced. The new quantitative 
indicator age can be used to as alternative age estimation in the parts of human body. To 
prove the significant of the quantitative indicator which is left hand the same multiple 
linear regressions used by the previous case studies and the result of the model is 
comparison with the benchmark of this study. 
Therefore, based on the recent research, there is still needed a new efficient and 
reliable method to be replaced the traditional model which is based on the observation of 
bone morphology only It is really depending to the expert to make prediction of the age. 
Thus, the use of soft computing model such as ANN model is one of the suitable and 
intelligent approach that have powerful pattern recognition, patent classification and 
prediction capabilities (Casson, 2014) that can overcome accuracy in determining the age 
estimation for this population studies. 
1.3 Research Question 
Based on the problem statement above, there are several research questions that 
need to be addressed in this study:  
I. How to analyse the dataset for age estimation in African American population? 
 
II. Does the length of bones in left hand can be used as indicator for age estimation? 
  
III. Does ANN soft computing models can produce accurate age estimation in this 
population of study? 
 
 
 
63 
REFERENCES 
[Full text] Forensic age estimation in living individuals_ methodological consider _ 
RRFMS. (n.d.). 
Bacci, N., Nchabeleng, E. K., & Billings, B. K. (2018). Forensic age-at-death 
estimation from the sternum in a black South African population. Forensic Science 
International, 282, 233.e1-233.e7. https://doi.org/10.1016/j.forsciint.2017.11.002 
Büken, B., Büken, E., Şafak, A. A., Yazici, B., Erkol, Z., & Mayda, A. S. (2008). Is the 
“Gök Atlas” sufficiently reliable for forensic age determination of Turkish 
children? Turkish Journal of Medical Sciences, 38(4), 319–327. 
https://doi.org/10.3906/sag-0808-6 
Cameriere, R., Ferrante, L., Ermenc, B., Mirtella, D., & Štrus, K. (2008). Age 
estimation using carpals: Study of a Slovenian sample to test Cameriere’s method. 
Forensic Science International, 174(2–3), 178–181. 
https://doi.org/10.1016/j.forsciint.2007.04.212 
Cameriere, R., Ferrante, L., Mirtella, D., & Cingolani, M. (2006). Carpals and 
epiphyses of radius and ulna as age indicators. International Journal of Legal 
Medicine, 120(3), 143–146. https://doi.org/10.1007/s00414-005-0040-3 
El-Bakary, A. A., Attalla, S. M., Hammad, S. M., El-Ashry, R. A., De Luca, S., 
Ferrante, L., & Cameriere, R. (2014). Age estimation in Egyptian children by 
measurements of carpals and epiphyses of the ulna and radius. Journal of Forensic 
Radiology and Imaging, 2(3), 121–125. https://doi.org/10.1016/j.jofri.2014.03.009 
Franklin, D., Flavel, A., Noble, J., Swift, L., & Karkhanis, S. (2015). Forensic age 
estimation in living individuals: methodological considerations in the context of 
medico-legal practice. Research and Reports in Forensic Medical Science, 53. 
https://doi.org/10.2147/RRFMS.S75140  
64 
Jooste, N., L’Abbé, E. N., Pretorius, S., & Steyn, M. (2016). Validation of transition 
analysis as a method of adult age estimation in a modern South African sample. 
Forensic Science International, 266, 580.e1-580.e7. 
https://doi.org/10.1016/j.forsciint.2016.05.020 
Oettlé, A. C., & Steyn, M. (2000). Age estimation from sternal ends of ribs by phase 
analysis in South African Blacks. Journal of Forensic Sciences, 45(5), 1071–1079. 
Retrieved from http://www.ncbi.nlm.nih.gov/pubmed/11005182 
Phillips, V. M., & Van Wyk Kotze, T. J. (2009). Dental age related tables for children 
of various ethnic groups in South Africa. JourPhillips, V. M., & Van Wyk Kotze, T. 
J. (2009). Dental Age Related Tables for Children of Various Ethnic Groups in 
South Africa. Journal of Forensic Odonto-Stomatology, 27(2), 29–44.Nal of 
Forensic Odonto-Stomatology, 27(2), 29–44. 
